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1. ABSTRACT 
  

In this work, it is proposed a game theoretic framework to analyze the behaviour 
of cognitive radios for distributed adaptive channel allocation. It is defined two different 
objective functions for the spectrum sharing games, which capture the utility of selfish 
users and cooperative users, respectively. The users measure the local interference 
temperature on different frequencies  and can adjust by possibly switching to a different 
frequency channel. The cognitive radios’ decisions are based on their perceived utility 
associated with each possible action (each possible frequency channel). For the case of a 
selfish user the utility function values a channel based on the level of interference 
perceived on that particular channel and in the case of a cooperative user values a 
channel based on the interference seen by a user on a particular channel, as well as for 
the interference this particular choice will create to neighboring nodes. 

 It is proposed two channel allocation algorithms. Based on the utility definition 
for cooperative users, it is shown that the channel allocation problem can be formulated 
as a potential game, and thus converges to a deterministic channel allocation Nash 
equilibrium point. Alternatively, a no-regret learning implementation is proposed for 
both scenarios and it is shown to have similar performance with the potential game 
when cooperation is enforced. The no-regret learning formulation is particularly useful 
to accommodate selfish users. Non-cooperative learning games have the advantage of a 
very low overhead for information exchange in the network. 

 We show that cooperation based spectrum sharing etiquette improves the 
overall network performance at the expense of an increased overhead required for 
information exchange. 
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2. INTRODUCTION 
 
 
Over the past several years, radio systems are increasingly incorporating software 

into their operating design. Incorporating software programming capabilities into radios 
can make basic functions easier to implement and more flexible. As the capabilities 
have advanced, radio systems have been gaining increased abilities to be “cognitive”    
—to adapt their behaviour based on external factors. This “ability to adapt” is opening 
up a vast potential for more flexible and intensive use of spectrum.  

Cognitive radio systems are already in use today. They include current cellular radio 
systems with capabilities such as transmit power control, handoff reconfiguration, and 
real time network control such as registration and control channel signaling. The 
Federal Communications Commission has recognized cognitive capabilities in the rules 
as a means of allowing more efficient spectrum use.  

With the new paradigm shift in the FCC’s spectrum management policy that creates 
opportunities for new spectrum reuse, cognitive radio technology allows the deployment 
of smart flexible networks that cooperatively adapt to increase the overall network 
performance. 

The idea of Cognitive radio was first presented officially in the article by Joseph 
Mitola III “Cognitive radio: An integrated Agent Architecture for software defined 
radio”, and refers to a smart radio wich has the ability to sense the external 
environment, learn from the history, and make intelligent decisions to adjust its 
transmission parameters according to the current state of the environment. Cognitive 
radio architectures employ the cognition cycle illustrated in Figure 1. The outside world 
provides stimuli. Cognitive radio parses these stimuli to recognize the context of its 
communications tasks. The Orient-stage decides on the urgency of the communications 
in part from these cues in order to reduce the burden on the user.  Normally, the Plan-
stage generates and evaluates alternatives, including expressing plans to peers and/or the 
network to obtain advice. The Decide-stage selects among the candidate plans. The Act-
stage initiates tasks with specified resources for specified amounts of time. This cycle 
may perform a detailed analysis that predicts future changes in the environment or may 
make simple adjustments in immediate response to environmental changes. Whit this 
framework, it is possible to construct software radios that can intelligently adapt to their 
environment. 
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Cognitive radio offers a mechanism for the flexible sharing of radio spectrum using 
a new class of  protocols called formal radio etiquette. This potential of cognitive radios 
to spectrum sharing and an initial framework for formal radio etiquette have been 
discussed in the article by  J.Mitola III “Cognitive radio for Flexible Mobile Multimedia 
Communications”. According to the proposed  etiquette, the users should listen to the 
environment, determine the radio temperature of the channels and estimate their 
interference contributions on their neighbours. Based on these measurements, the users 
should react by changing their transmission  parameters if some other users may need to 
use the channel. 

As the cognitive radios are essentially autonomous agents that are learning their 
environment  and are optimizing their performance by modifying their transmission 
parameters, their interactions can be modelled using a game theoretic framework. In this 
framework, the cognitive radios are the players and their actions are the selection of 
new transmission parameters. Which influence their own performance, as well as the 
performance of the neighboring players. 

Game theory is a set of tools developed in economics for the purposes of analyzing 
the complexities of human interactions. Game theory has been used to predict the 
outcome of these interactions and to identify strategies that are optimal and others that 
are deleterious, and only lately has received attention as a useful tool to design and 
analyze distributed resource allocation algorithms, for example has been analized the 
spectrum sharing problem using a game model between providers with bargaining  
strategies. 

There are some game theoretic models for cognitive radio networks (CRN’s) such 
as a myopic game which is defined here as a repeated game in which there is no 
communication between the players, memory of past events, or speculation of future 
events, S-modular games or Potential games what can be applied to a variety of 
different networks of cognitive radios for power control, call admission control and 
interference avoidance.  

Cognitive radios promise to be an exciting new technology, and game theory will be 
a valuable tool for understanding the behavior of CRNs. However, when analyzing 
proposed algorithms for CRNs, the convergence process and the steady-state behavior 
should be considered. When the modelled CRN can be shown to be a potential game, 
convergence requires that the radios merely need to be able to measure their 
performance. 
 
 In this work, it is proposed a game theoretic formulation of the adaptive channel 
allocation problem for cognitive radios. It is assumed that the radios can measure the 
local interference temperature on different frequencies and can adjust by optimizing the 
information transmission rate for a given channel quality (using adaptive channel 
coding) and by possibly of switching to a different frequency channel. The cognitive 
radios’ decisions are based on their perceived utility associated with each possible 
action. It is proposed two different utility definitions (one for cooperative users and 
other for selfish users), which reflect the amount of cooperation enforced by the 
spectrum sharing etiquette. It is designed two adaptation protocols. One based on the 
utility definition for cooperative users and formulated as a potential game, and 
alternatively, a no-regret learning implementation which is proposed for both scenarios 
(cooperative users and selfish users).  
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3. SYSTEM MODEL 
 

a. COMPONENTS OF COGNITIVE RADIO NETWORK 
 

Multiagent systems arise in several domains of engineering and it seems that can 
be also efficiently used to optimise resources in present and future generation of 
wireless heterogeneous networks. In this context an agent is considered as a software 
entity with autonomous behaviour and objectives, embedded in an environment which 
perceives, and in which it acts. Autonomy means the ability to have control over its 
actions and its internal states, and therefore implies de-centralized control. Key features 
of mobile multiagent systems are mobility (ubiquity), network awareness, 
communication, intelligence, reactivity, autonomy, goal oriented, temporally 
continuous, learning, flexible and character. 

So it is possible to summarize that a mobile multiagent system is a set of 
intelligent mobile agents, interacting and trying to reach a set of goals, which in the case 
of wireless systems are oriented to an efficient sharing of resources and load balancing 
between nodes.  

For simulation purpose, it is considered a multiagent applied to a ad-hoc 
network. Agents operating in this environment must reason about complex network 
information that can include dynamically changing the topology, resource-constrained 
computing devices, multihop routes, signal strength, packet loss, jitter and bandwidth 
limitations, in this work it is analyzed the last point. It is expected that they contribute to 
reduce and optimize network traffic, while balancing the traffic among nodes, so 
increasing the performance and capacity of the network nodes. 

It is considered that cognitive radio network consist of a set of N transmitting-
receiving pairs of nodes uniformly distributed in a square region of dimension DxD. It 
is assumed that the nodes are fixed, or are moving slower than the convergence time for 
the proposed algorithms. The nodes measure the spectrum availability and decide on the 
transmission channel. It is assumed that there are K frequency channels available for 
transmission, with K<N (multiple users are allowed to transmit at the same time over a 
shared channel), and a random channel assignment is selected as the initial assignment.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Fig 2. Nodes’ positions, network topology and random channel assignment 
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 Fig. 2 shows an example of a network, where the transmission and receiving 
nodes are connected with lines of different colours depending on the transmission 
channel. 

For the simulations it is assumed the worst case scenario where all users have 
packets to transmit at all times and that users in the network are identical, which means 
they have an  identical action set (the same frequency channels to switching) and 
identical utility functions associated with the possible actions in which cognitive radios’ 
decisions are based 
 

b. SIGNAL-TO-INTERFERENCE RATIO 
 

By distributively selecting a transmitting frequency, the radios effectively 
construct a channel reuse distribution map with reduced co-channel interference. This 
selection is based on the transmission link quality which can be characterized by a 
required Bit Error Rate (BER), which is specific to the given application. An equivalent 
Signal-to-Interference Ratio (SIR) requirement measured at the receiver j associated 
with transmitter i can be expressed as: 
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Where pi is the transmission power at transmitter I and Gij is the link gain 
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I(i,j) is the interference function characterizing the interference created  by node 

i to node j and is defined as: 
 
 
                                  1          if transmitter j and i are transmitting                                                      
                    f (si , sj) =            over the same channel                                             
                                       0          otherwise                                                          
 
 

c. ADAPTIVE CHANNEL CODING 
 

At the network level, the nodes can minimize the interference by appropriately 
selecting the transmission channel frequency. At the physical level, power control can 
reduce interference and, for a feasible system, results in all users meeting their SIR 
constraints. Alternatively, the SIR requirements can be changed (reduced or increased) 
by using different modulation levels and various channel coding rates.  
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For simulations it is assumed that for a fixed transmission power (the same for 
all transmitters), software defined radios enable the nodes to adjust their transmission 
rates and consequently the required SIR by varying the amount of the channel coding 
for a data packet, in others words, adaptive channel coding is used to ensure a certain 
BER. 

The BER requirement selected for simulations is 10-3 and it is assumed the use of 
a Reed-Muller channel code RM (1, m). In table I it is shown the coding rate 
combinations and the corresponding SIR requirements used for simulations. 

 
TABLE I 

CODE RATES OF REED-MULLER CODE RM (1, m) AND CORRESPONDING SIR 
REQUIREMENTS FOR BER=10-3 

 

m Code Rate SIR (dB) 
 

2 
3 
4 
5 
6 
7 
8 
9 

10 

 
0.75 
0.5 

0.3125 
0.1875 
0.1094 
0.0625 
0.0352 
0.0195 
0.0107 

 
6 

5.15 
4.6 
4.1 

3.75 
3.45 
3.2 
3.1 
2.8 
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4. A GAME THEORETIC FRAMEWORK 
 

Game theory represents a set of mathematical tool developed for the purpose of 
analyzing players interactions in decision process. It can be used to predict the outcome 
of this interactions and to identify optimal strategies for the players. 
 

a. FUNDAMENTAL COMPONENTS OF GAME THEORY 
 

The fundamental component of game theory is the notion of a game, expressed 
in normal form as G=‹M, A, {ui}› where G is a particular game, M is a finite set of 
players (decision makers) {1,2,…,m}, Ai is the set of actions available to player i, A = 
A1 x A2 x ... x Am is the action space, and {ui}={u1,u2,...,um} is the set of objective 
functions that the players wish to maximize. For every player i, the objective function, 
ui, is a function of the particular action chosen by player i, ai, and the particular actions 
chosen by all of the other players in the game, a-i. 

So it is possible to model the raised channel allocation problem as the outcome 
of a game, in which the main components are the players (assumed to be intelligent and 
rational), their set of actions or decisions, and a set of preference relationship associated 
with every action tuple1. 

And in particular, the players are the cognitive radios, their actions or strategies 
are the choice of a transmitting channel and their preferences are associated with the 
quality of the channel which is determined by cognitive radios by measurements on 
different available radio frequencies of a utility function. 
 In this section it is modeled  the channel allocation problem as a  normal form 
game, which can be mathematically defined as }}{,}{,{ NiUNiSNG ii ∈∈= , where N 
is the finite set of players (decision makers who select a particular channel to transmit), 
and Si is the set of strategies associated with player i (channels which could be selected 
by i). We define S = ×Si, i e N as the strategy space, and Ui as the set of utility functions 
that the players associate with their strategies. For every player i in game G, the utility 
function, Ui, is a function of si, the strategy selected by player i, and of the current 
strategy profile of its opponents: s−i. Therefor the utility of user i can be considered as a 
measurement of quality received by user i form the network depending on the channel it 
selects, si, and on the other users’ choices, s-i. 

In analyzing the outcome of the game, as the players make decisions 
independently and are influenced by the other players’ decisions, is interesting  to 
determine if there exist a convergence point for the adaptive channel selection 
algorithm, i.e. a Nash Equilibrium where no player has anything to gain by changing 
only his or her own strategy. If each player has chosen a strategy and no player can 
benefit by changing his or her strategy while the other players keep theirs unchanged, 
then the current set of strategy choices and the corresponding payoffs constitute a Nash 
equilibrium. 
 

A strategy profile for the players, S=[s1,s2,....,sN] is a Nash Equilibrium if and 
only if 
 

),'()( iiii ssUSU −≥   ,  ii SsNi ∈∈∀ ',  

                                                 
1 In mathematics, a tuple is a finite sequence of objects, that is, a list of a limited number of objects. The 
name "ordered list" is also used for design tuple. 

 9

http://en.wikipedia.org/wiki/Mathematics
http://en.wikipedia.org/wiki/Finite_set
http://en.wikipedia.org/wiki/Sequence


 
It is important to consider how the choice of the utility function affects the 

outcome of the game because the performance of the adaptation algorithm depends 
significantly on this utility function which characterizes the preference of a user for a 
particular channel. The choice of a utility function is not unique. It must be selected to 
have physical meaning for the particular application, and also to have appealing 
mathematical properties that will guarantee equilibrium convergence for the adaptation 
algorithm. In the next section it is studied and proposed two different utility functions, 
that capture the channel quality, as well as the level of cooperation and fairness in 
sharing the network resources. 

b. UTILITY FUNCTIONS 

 The first utility function (U1) proposed accounts for the case of a “selfish” user, 
which values a channel based on the level of interference perceived on that particular 
channel: 
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 For the above definition, it is denoted P=[p1,p2,...,pN] as the transmission powers 
for the N radios, S=[s1,s2,...,sN] as the strategy profile and f (si, sj) as an interference 
function: 
                                
                                          
                             1          if sj=si, transmitter j and i choose                       
                       f (si , sj) =                                                         the same strategy (same channel)  
                             0          otherwise                                                          
 
 
 This choice of the utility function requires a minimal amount of information for 
the adaptation algorithm, namely the interference measurement of a particular user on 
different channels. 
 The second utility function proposed accounts for the interference seen by a user 
on a particular channel, as well as for the interference this particular choice will create 
to neighboring nodes. Mathematically U2 can be defined as: 
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 The complexity of the algorithm implementation will increase for this particular 
case, as the algorithm will require probing packets on a common access channel for 
measuring and estimating the interference a user will create to neighboring radios. 
 The above defined utility functions, characterize a user’s level of cooperation 
and support a selfish and a cooperative spectrum sharing etiquette, respectively. 
 

c. A POTENTIAL GAME FORMULATION 

 In the previous section it is proposed the choice of the utility functions based on 
the physical meaning. However, in order to have good convergence properties for the 
adaptation algorithm these functions have to possess certain mathematical properties to 
do that exist a convergence point. In what follows, it is shown that for the U2 utility 
function, a potential game can be formulated. 

 Characteristic for a potential game is the existence of a potential function that 
whose change in value when any player deviates in their action is related to the change 
in the objective function of that player. Another way this game can be characterized is 
by following preferable deviations from each action tuple. An improvement deviation is 
the relative change in the value of the objective function (in this case the utility 
function) of the deviating player or ),'(),( iiiiii ssUssU −− −=Δ . 

4.3.1 Exact potential game 

 There are a number of different kinds of potential games, most notably exact 
potential games, weighted potential games, and ordinal potential games. Each of these 
games are named for the relationship between the value of deviations in the potential 
function and the improvement deviations of the game. In the exact potential game, for a 
change in actions of a single player, the change in the potential function is equal to the 
value of the improvement deviation. For weighted potential games, the change in the 
potential function is equal to a (possibly different) scalar multiple of the improvement 
deviations of each player. For ordinal potential games, the sign of the change in the 
potential function is the same as the sign of the improvement deviation. In this work it is 
formulated the U2 utility function how an exact potential game because converges to a 
pure strategy Nash equilibrium solution. 

 How it has been said before, the potential function of an exact potential game 
exactly reflects any change in the utility function of any player. An exact potential 
function is defined as a function P whit the property that: 

),'(),(),'(),( iiiiiiiiii ssPssPssUssU −−−− −=−  

 Any potential game in which players take action sequentially converges to a 
pure strategy Nash equilibrium that maximizes the potential function.  

 For the previously formulated channel allocation game with utility function U2, 
it is defined an exact potential function to be: 
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 This function reflects the network utility. It can thus be seen that the potential 
game property ensures that an increase in individual users’ utilities contributes to 
increase of the overall network utility.  

 The proof that equation before is an exact potential function is given in the 
Appendix 1. 

4.3.2 Protocol 

4.3.2.1 Random access. Bernoulli trial. 

 In an ad hoc network, a distributed scheduler is preferable solution to ensure 
convergence for the spectrum allocation game. To this end, it is proposed a random 
access for decision making in which each user is successful with probability pa = 1/N. 
More specifically, at the beginning of each time slot, each user flips a coin with 
probability pa, and, if successful, makes a new decision based on the current values for 
the utility functions for each channel; otherwise takes no new action. For simulate this, 
at each iteration of the game the algorithm get a random number between 0 and 1 to 
each user, the transmitters that gets a number smaller than pa makes a new action. 
 So the proposed random access ensures that on average exactly one user makes 
decisions at a time, but of course has a nonzero probability to have two or more users 
taking actions simultaneously. It has been determined experimentally that the 
convergence of the game is robust to this phenomenon: when two or more users 
simultaneously choose channels, the potential function may temporarily decrease 
(decreasing the overall network performance) but then the upward monotonic trend is 
re-established. 
 
4.3.2.2 RTS-CTS packet exchange for the IEEE 802.11 protocol 
 
 The proposed potential game formulation requires that users should be able to 
evaluate the candidate channels’ utility function U2. To provide all the information 
necessary to determine U2, it is proposed a signalling. 
The signalling protocol is somewhat similar to the RTS-CTS packet exchange for the 
IEEE 802.11 protocol, but intended as a call admission reservation protocol, rather than 
packet access reservation protocol. When a user needs to make a decision on selecting 
the best transmission frequency a new call is initiated and the user is successful in the 
Bernoulli trial. 
  In contrast to the RTS-CTS reservation mechanism, the signalling packets, 
START, START_CH, ACK_START_CH (END, ACK_END) in the protocol proposed 
in this work, are not used for deferring transmission for the colliding users, but rather to 
measure the interference components of the utility functions for different frequencies 
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and to assist in computing the utility function. The signalling packets have a double 
role: to announce the action of the current user to select a particular channel for 
transmission, and to serve as probing packets for interference measurements on the 
selected channel. 
 The signalling packets are transmitted with a fixed transmission power on a 
common control channel. To simplify the analysis, it is assumed that no collisions occur 
on the common control channel. As it was mentioned before, the convergence of the 
adaptation algorithm was experimentally shown to be robust to collision situations when 
two or more users simultaneously choose channels.  
 For a better frequency planning, it is desirable to use a higher transmission 
power for the signaling packets than for the transmitted packets. This will permit the 
users to learn the potential interferers over a larger area. 
 The information necessary to determine U2 is stored in a table called Channel 
Status Table (CST) by each transmitter and receiver respectively. At each iteration, if 
there are some users that have changed this frequency channel, CSTs of all nodes are 
updated. 
 Note that the U2 utility function has two parts: a) a measure of the interference 
created by others on the desired user Id; b) a measure of the interference created by the 
user on its neighbors’ transmissions Io. The first part of U2 can be estimated at the 
receiving node, while the second part can only be estimated at the transmitter node. 
Therefore, the protocol requires that both transmitter and receiver listen to the control 
channel. 
 
 
4.3.2.3 Protocol steps 
 
In what follows, it is outlined the steps of the protocol. 
 
Protocol steps: 
 

1) Bernoulli trial with pa: 
If 0, listen to the common control channel; break. 
If 1, go to 2) 
 

2) Transmitter sends START packet: includes current estimates for the interference 
created to neighboring users on all possible frequencies, Io(f) (this information 
is computed based on information saved in the Channel Status Table); 

 
3) Receiver computes current interference estimate for the user Id(f), determines 

U2(f) = Id(f)+Io(f) for all channels, and decides on the channel with the highest 
U2 (in case of equality, the selection is randomized, with equal probability of 
selecting the channels); 

 
4)  Receiver includes the newly selected channel information on a signaling packet 

START CH which is transmitted on the common channel; 
 

5) Transmitter sends ACK START CH which acknowledges the decision of 
transmitting on the newly selected frequency, and starts transmitting on the 
newly selected channel; 
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6) All the other users (transmitters and receivers) that heard the START_CH and 
ACK_START_CH packets update their Channel Status Tables (CST) 
accordingly. 

 
 Note that when a call ends, only a two-way handshake is required: END, 
ACK_END to announce the release of the channel for that particular user. Hearing these 
end-of-call signaling packets, all transmitters and receivers, update their CSTs 
accordingly. It can see that a different copy of the CST should be kept at both the 
transmitter and the receivers (CST_t and CST_r, respectively) because both, 
transmitters and receivers, have to calculate one part of the utility function U2. The 
entries of each table will contain the neighboring users that have requested a channel, 
the channel frequency, and the estimated link gain to the transmitter/receiver of that 
particular user (for CST_r and CST_t, respectively). 
 
 
 
4.3.2.4 Example of an iteration of the game 
 
 In what follows it is shown an example of an iteration of this algorithm such as it 
is implemented in the software developed to carry out this work. 
 
 It is supposed, to simplify, that the cognitive radio network consist of a set of 4 
transmitting-receiving pairs of nodes, uniformly distributed in a square region of 
dimension of 10x10m and that there are 2 frequency channels available for 
transmission. 
 Also it is supposed that the initial random channel assignment is: 
 

Node 1 channel 2    Node 3 channel 1 
Node 2 channel 2   Node 4 channel 2 

 
 With this configuration of the network the users’ CTS will be how follows: 
 
CST_t of Node 1: 
 

Neighbor 1  RX 2 Distance=6m Link Gain= 58.9
4

2

−=⎟
⎠
⎞

⎜
⎝
⎛ E

dπ
λ channel 2 

Neighbor 2  RX 3 Distance=4m Link Gain= 42.2
4

2

−=⎟
⎠
⎞

⎜
⎝
⎛ E

dπ
λ channel 2 

Neighbor 3  RX 4 Distance=5m Link Gain= 44.1
4

2

−=⎟
⎠
⎞

⎜
⎝
⎛ E

dπ
λ channel 1 

 
CST_r of Node 1: 
 

Neighbor 1  TX 2 Distance=4m Link Gain= 42.2
4

2

−=⎟
⎠
⎞

⎜
⎝
⎛ E

dπ
λ channel 2 

Neighbor 2  TX 3 Distance=3m Link Gain= 49.3
4

2

−=⎟
⎠
⎞

⎜
⎝
⎛ E

dπ
λ channel 2 
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Neighbor 3  TX 4 Distance=6m Link Gain= 58.9
4

2

−=⎟
⎠
⎞

⎜
⎝
⎛ E

dπ
λ channel 1 

 
 The rest of tables are constituted how in the before case. 
 

1) If it is supposed that in the Bernoulli trial the node 1 is successful it goes to 2). 
2) Transmitter of node 1 determine the interference created to neighboring users on 

all possible frequencies: 
 
If it is supposed that transmitter of node 1 uses the channel 1: 

∑
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If it is supposed that transmitter of node 1 uses the channel 2: 
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Transmitter sends START packet that includes this information. 
 

3) Receiver of node 1 computes interference Id(f) for all channels: 
 
If it is supposed that node 1 uses the channel 1: 

∑
=≠

−=−+−+−==
N

jij
ijijj EEEEssfGpId

1,

58.91*58.9*10*49.3*10*42.2*1),()1(  

If it is supposed that node 1 uses the channel 2: 

∑
=≠

−=−+−+−==
N

jij
ijijj EEEEssfGpId

1,

51.60*58.9*11*49.3*11*42.2*1),()2(  

After that, the receiver determines U2(f) for all channels: 
 

438.244.158.9)1()1()1(2 −−=−−−−=−−= EEEIoIdU  
479.3418.351.6)2()2()2(2 −−=−−−−=−−= EEEIoIdU  

 
Finally receiver decides on the channel with the highest U2, in this case the channel 1. 
 

4) Receiver includes the newly selected channel information on a signaling packet 
START CH which is transmitted on the common channel; 

 
5) Transmitter sends ACK START CH which acknowledges the decision of 

transmitting on the newly selected frequency, and starts transmitting on the 
newly selected channel; 

 
6) All the other users of node 2, 3 and 4 (transmitters and receivers) that heard the 

START_CH and ACK_START_CH packets update their Channel Status Tables 
(CST) accordingly changing the frequency channel of their neighbors 
corresponding to node 1 to channel 1. 
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In the case that more of one user are successful in Bernoully trial all of them realizes the 
steps from 1 to 5 in parallel and the 6 step is realized only when all the users have 
completed the 5 first steps. 
 
The proposed potential game framework has the advantage that an equilibrium is 
reached very fast following a best response dynamic, but requires substantial 
information on the interference created to other users and additional coordination for 
sequential updates. We note however, that the sequential updates procedure also 
resolves the potential conflicts on accessing the common control channel. 
The potential game formulation is suitable for designing a cooperative spectrum sharing 
etiquette, but cannot be used to analyze scenarios involving selfish users, or scenarios 
involving heterogeneous users (with various utility functions corresponding to different 
QoS requirements). In the following section, we present a more general design 
approach, based on no-regret learning techniques, which alleviates the above mentioned 
problems. 
 

4.4 NO-REGRET LEARNING FOR DYNAMIC CHANNEL ALLOCATION 

 In order to analyze the behaviour of the selfish users’ game, it is implemented 
adaptation protocols using regret minimization learning algorithms. 
 No-regret learning algorithms determine probabilistic strategies for players by 
considering the history of play. Those players explore the space of actions by playing all 
actions with some non-zero probability to find the best actions, and exploit successful 
strategies by increasing their selection probability. 
 While traditionally, these types of learning algorithms have been characterized 
using a regret measures (e.g. external regret is defined as the difference between the 
payoffs achieved by the strategies prescribed by the given algorithm, and the payoffs 
obtained by playing any other fixed sequence of decisions in the worst case or internal 
regret defined as the difference between the payoffs achieved by the strategies 
prescribed by the given algorithm, and the payoffs that could be achieved by a re-
mapped sequence of this strategies) that were not related to equilibrium concepts, more 
recently, their performance have been related to game theoretic equilibria. 
 
4.4.1Φ -no-regret learning algorithm 
 
 More specifically, a general class of no-regret learning algorithms called -no-
regret learning algorithm is related to a class of equilibria named 

Φ
Φ -

equilibria.Φ describes the set of strategies to which the play of a learning algorithm is 
compared. A learning algorithm is said to be Φ -no-regret if and only if no regret is 
experienced for playing as the algorithm prescribes, instead of playing according to any 
of the transformations of the algorithm’s play prescribed by elements of Φ . No-external 
regret and no-internal regret learning algorithms are specific classes of -no-regret 
learning algorithm. The empirical distribution of play of 

Φ
Φ -no-regret learning 

algorithm converges to a set of Φ –equilibria. 
 In this work it is proposed a solution for the problem of spectrum sharing based 
on the no-external-regret learning algorithm. 
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4.4.2 Definition of No-Regret learning algorithm. 
 
Consider an infinitely repeated game ∞∞ ∈= IiuSIG ii ),(, . The set of   
lists the players or agents of the game. For all 

{ }nI ,....,1=

ni ≤≤1 ,  is a finite set of strategies for 
player . The function defines the payoffs for player i as a function of the joint 
strategy space 

iS
i iu

.ii SS Π=  Finally  is the set of mixed strategies for player i , and 
, where , 

iQ
Qqqq ii ∈= − ),( iiQQ Π= ii Qq ∈  and . jiQjiq ≠− Π∈

t
i hq =+

st
ii s−

 At the time t , player  feels for playing strategy  (sequence of weights 
associated each strategy for user i ) rather than strategy . 

i t
iq

is
 It is denoted the subset of the history of repeated game  that is known to 
player i  at time t , denote the set of all histories of length  and denote a learning 
algorithm that output a sequence of weights . Player i ’s mixed strategy at time is 
contingent on the elements of the history known to player through time : 

. 
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 More specifically, the algorithm proposed in this work uses an exponential 
updating scheme. This algorithm is suited to informed players ( player who observes the 
strategy he plays and the vector of payoffs he would have obtained had he played any of 
his possible strategies) since it depends on the cumulative payoffs achieved by all 
strategies, including the surmised payoffs of strategies which are not in fact played.  
Let denote the cumulative utility obtained by user i through time  by choosing 

strategy : , where the utility U is a normalized utility 

in the range 0 to 1. For 

)( i
t
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To calculate in the instant t+1: )( i

t
i sU

I) We obtain the value of utility function by user  for all possible strategies, 
normalize this values (since t’=1 to t’=t) and keep this dates in a vector at 
each iteration of the game.  

i

 
To normalize, for example, the value of utility function obtained for the 
strategy s1 we calculate: 

∑
=

N

j
ji

i

sU

sU

1

1

)(

)(
 , where N is the number of possible strategies. 
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II) In the instant t+1 we add all the values of utility function by user  for the 
strategy  which are kept in a vector. 

i
is

 
 It is shown by simulations that the proposed channel allocation no-regret 
algorithm converges to a pure strategy Nash equilibrium for cooperative users (utility 
U2) and for selfish users (utility U1). Also, by simulations can be shown tat depending 
on the value of β the proposed algorithm needs to converge more or less iterations of the 
game, since if β is a larger value the weights evolve with larger steps to a steady value 
(equilibrium). 
 
 By following the proposed learning adaptation process, the users learn how to 
choose the frequency channels to maximize their rewards through repeated play of the 
game. 
 For the case of selfish users, the amount of information required by this 
spectrum sharing algorithm is minimal: users need to measure the interference 
temperature at their intended receivers (function U1) and to update their weights for 
channel selection accordingly, to favor the channel with minimum interference 
temperature (equal transmitted powers are assumed). Note in the formula to calculate 

that the no-regret algorithm requires that the weights are updated for all possible 
strategies, including the ones that were not currently played. The reward obtained if 
other actions were played can be easily estimated by measuring the interference 
temperature for all channels. 

)(1
i

t
i sq +

 
4.4.3 Protocol steps 
 
 In what follows, it is outlined the steps of the protocol for both cooperative and 
selfish scenarios. 
 
4.4.3.1 Cooperative scenario 
 
Protocol steps: 
 

1) Bernoulli trial with pa: 
If 0, listen to the common control channel; break. 
If 1, go to 2) 
 
 

2) Transmitter sends START packet: includes current estimates for the interference 
created to neighboring users on all possible frequencies, Io(f) (this information 
is computed based on information saved in the Channel Status Table); 

 
3) Receiver computes current interference estimate for the user Id(f), determines 

U2(f) = -Id(f)-Io(f)  for all channels, and normalize this values which are kept in 
a vector.  
After, receiver determines weights for all channels and decides on the channel 
with highest probability (in case of equality, the selection is randomized, with 
equal probability of selecting the channels); 

 
4) Receiver includes the newly selected channel information on a signaling packet 

START_CH which is transmitted on the common channel; 
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5) Transmitter sends ACK_START_CH which acknowledges the decision of 
transmitting on the newly selected frequency, and starts transmitting on the 
newly selected channel; 

 
6) All the other users (transmitters and receivers) that heard the START_CH and 

ACK_START_CH packets update their Channel Status Tables (CST) 
accordingly. 

 
4.4.3.2 Non-cooperative scenario 
 
Protocol steps: 
 

1) Bernoulli trial with pa: 
If 0, listen to the common control channel; break. 
If 1, go to 2) 

 
2) Receiver computes current interference estimate for the user Id(f), determines 

U1(f) = -Id(f)  for all channels, and normalize this values which are kept in a 
vector.  
After, receiver determines weights for all channels and decides on the channel 
with highest probability (in case of equality, the selection is randomized, with 
equal probability of selecting the channels); 

 
3) Receiver includes the newly selected channel information on a signaling packet 

START_CH which is transmitted on the common channel; 
 

 
4) Transmitter sends ACK_START_CH which acknowledges the decision of 

transmitting on the newly selected frequency, and starts transmitting on the 
newly selected channel; 

 
5) All the other users (transmitters and receivers) that heard the START_CH and 

ACK_START_CH packets update their Channel Status Tables (CST) 
accordingly. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 19



5. SIMULATION RESULTS 
 
 In this section, it is presented some numerical results to illustrate the 
performance of the proposed channel allocation algorithms, one formulated as an exact 
potential game for cooperative users’ scenario and other implemented using regret 
minimization learning algorithms for both cooperative and selfish users’ scenarios. 
 For simulation purposes, it is considered a fixed wireless ad hoc network (as 
described in the system model section) with N = 30 and D = 200 (30 transmitters and 
their receivers are randomly distributed over a 200m× 200m square area). The 
adaptation algorithms are illustrated for a network of 30 transmitting radios, sharing K = 
4 available channels. A random channel assignment is selected as the initial assignment, 
and for a fair comparison, all simulations start from the same initial channel allocation. 
 The transmission power is 1w and is the same for all transmitters. 
 
   

 
 

Fig 3. Potential Game: convergence of users’ strategies.              Fig 4. Potential Game; strategy evolution         
 

   for selected arbitrary users. 
 

 
First it is illustrated the convergence properties of the proposed spectrum sharing 
algorithms. Can be seen that for cooperative games, both the potential game 
formulation, as well as the learning solution converges to a pure strategy Nash 
equilibrium (Figures 3, 4, 5 and 6). 
In figures 3 and 4 can be seen how, before of the 40th iteration of the game, the 
algorithm has converged and each user has selected a frequency channel so that no any 
transmitter has anything to gain by changing only his or her own strategy (Nash 
equilibrium). 
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(1) 

(2) 

Fig 5.  No-regret learning for cooperative users: weights distribution evolution for all users. 
 
 

 

Channel 1 
Channel 2 
Channel 3 
Channel 4 

Fig 6. No-regret learning for cooperative users: weights distribution evolution for any arbitrary user. 
 

 
However, in figure 5 and 6 the time of convergence is larger than in before case. 

Note in figure 5 that before Nash equilibrium some nodes selects one channel with 
probability 0.95 (1) or another channel with probability 0.05 (2) but from Nash 
equilibrium point, for example, the node 14 selects the channel 4 how her/his 
transmission channel in 100 per cent of the cases (Fig.6). 

Based on simulations results can be seen that the time of convergence for the 
proposed channel allocation no-regret algorithm depends on the parameter β. In figures 
5 and 6 the value of β is 50 while in figure 7 this value is 10 and can be seen that for 
values of β smaller  times of convergence are larger how it has been explained in the 
section of No-regret learning for dynamic channel allocation. 
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Fig7. No-regret learning for cooperative users: weights distribution evolution for all users with β=10.  
 
 Also for selfish game based on no-regret learning algorithm converges to Nash 
equilibrium (Figures 8 and 9). 

 
Fig 8. No-regret learning for selfish users: evolution of weights for all users 

 
 
 

In Figure 10, it is illustrate the changes in the potential function as the potential 
game evolves, and it can be seen that indeed by distributively improving their utility, 
the users positively affect the overall utility of the network, which is approximated by 
the potential function. This is a potential game property that ensures that an increase in 
individual users’ utilities contributes to the increase of the overall network utility. This 
can be seen in figure 10 where the value of potential function increases until the game 
reach the Nash equilibrium point, then the individual users’ utilities don’t changes and 
consequently the potential function is constant.    

 
 
 

 22



 

 

Channel 1 
Channel 2 
Channel 3 
Channel 4 

Fig 9. No-regret learning for selfish users: weights distribution evolution for any arbitrary user.  
 
 
 
 
 

 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 10. Evolution of potential function 
 
 

 
It is considered the achieved SIRs and throughputs as performance measures for 

the proposed algorithms because adaptive coding is used to ensure a certain value of 
BER, as previously explained in section System Model. It is considered the average 
performance per user as well as the variability in the achieved performance (fairness), 
measured in terms of variance and CDF (cumulative probability distribution function). 

It first gives results for the potential game based algorithm.  
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The choice of the utility function for this game enforces a certain degree of fairness 
in distributing the network resources, as it can be seen in figures 5, 6, 7, and 8. Figures 5 
and 6 illustrate the SIR achieved by the users on each of the 4 different channels for 
initial and final assignments, respectively (At initial assignment there are 5 users 
transmitting with channel 1, 8 users with channel 2, 7 users with channel 3 and 10 users 
with channel 4). An SIR improvement for the users that initially had a low performance 
can be noticed, at the expense of a slight penalty in performance for users with initially 
high SIR. It can be seen in Figure 7 that at the Nash equilibrium point, the number of 
users having an SIR below 0 dB has been reduced, also it can be seen in Table II where 
the final average SIRs have incremented respect initial average SIRs. Furthermore, 
figure 8 shows that the percentage of the users who have an SIR below 5 dB decreases 
from 58% to about 31%, at the expense of a slight SIR decrease for users with an SIR 
greater than 15 dB. 

 
 
 
 
 

 
Fig 5. Potential game: SIRs at initial channel   Fig 6. Potential game: SIRs at final Channel  

     assignment                             assignment. 
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TABLE II 
AVERAGE SIR OF ALL USERS AT        

INITIAL AND FINAL ASSIGNMENT IN 
POTENTIAL GAME. 

 
Fig 7. SIRs Potential Game: Histogram. Initial channel assignment vs. final channel assignment. 
 

 
Fig 8. Potential Game: CDF for the achieved SIRs. Initial channel assignment vs. final channel 

assignment. 
 
 
 

The advantage of the potential game is illustrated in figure 9, in terms of the normalized 
achievable throughput at each receiver. For the initial channel assignment, 68% of the 
users have a throughput less than 0.75. At the equilibrium, this fraction is reduced to 
48%. 
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Fig 9. Potential Game: CDF of the achieved throughputs. Initial channel assignment vs. final channel 

assignment.  
 

 Simulation results show very similar performance for the learning algorithm in 
cooperative scenarios, with the potential game formulation. Figure 10, show the 
achieved SIRs after convergence for all users in the network. In terms of fairness, the 
learning algorithm performs slightly worse than the potential game formulation (Figure 
10) because the percentage of the users who have an SIR below 0 dB decreases from 
35% to about 13% (unlike 0% that had decreased whit potential game). However the 
two algorithms achieve very close throughput performance (Figure 11). 

 

 
Fig 10. No-regret Learning Algorithm: SIRs histogram. Initial channel assignment vs. final channel 

assignment. 
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Initial assignment 

Final assignment 
(Learning U2) 

Final assignment 
(Potencial Game) 

Fig 11. CDF for the achieved throughputs. Intial channel assignment vs. final channel assignment. 
 
 In what follows it is compared the performance of the proposed algorithms for 
both cooperative and non-cooperative scenarios. The performance measures considered 
are the average SIR and the average throughput.  
 Figure 12 shows the CDF of Time Average SIR in different games. All learning 
games and the potential game outperform the random channel allocation scheme. The 
potential game has the best throughput performance, followed closely by the 
cooperative learning scheme. It can be seen in Figure 13 that half of the users have an 
average throughput below 0.3 in the random allocation scheme. The percentage of users 
whose average throughput is below 0.3 is 40% in potential game, 45% for learning 
using U2 and 47% for learning using U1, while the fraction is 60% for the random 
selection. 
 

 
 

Fig 12. The CDF of average SIRs 
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Fig 13. The CDF of average throughput. 
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6. CONCLUSION 
In this work, it has investigated the design of channel sharing etiquette for 

cognitive radio networks for both cooperative and non-cooperative scenarios. Two 
different formulations for the channel allocation game were proposed: potential game 
formulation (for cooperative users), and no-regret learning (for both, cooperative and 
selfish users).  

It is showed that all the proposed spectrum sharing policies converge to a 
channel allocation equilibrium but in the case of cooperative scenarios the time of 
convergence is smaller than in the case of selfish users, in addition potential game 
formulation has the best throughput and SIR performance  and a no-regret learning 
implementation proposed for cooperative scenario have similar performance with the 
potential game when cooperation is enforced by appropriately defining the utility, 
therefore simulation results show that cooperation improves the overall network 
performance. In the case of potential game it can be seen in the evolution of potential 
function which reflects the network utility that an increase in individual cooperative 
users’ utilities contributes to the increase of this function. 

However, the no-regret learning formulation is particularly useful to 
accommodate selfish users but potential game is limited to this environments. 

In terms of fairness, we showed that both cooperation and allocation strategy 
play an important role. While the proposed potential game formulation yields the best 
performance, its applicability is limited to non-cooperative environments and significant 
knowledge about neighboring users is required for the implementation. By contrast, the 
proposed no-regret learning algorithm is suitable for non-cooperative scenarios and 
requires only a minimal amount of information exchange.  

We show that cooperation based spectrum sharing etiquette improves the overall 
network performance at the expense of an increased overhead required for information 
exchange and non-cooperative learning games have the advantage of a very low 
overhead for information exchange in the network. 

With the analyzed scenarios we have been able to verify that always there is a 
solution for the adaptive channel allocation problem for cognitive radios, although in 
some cases the performance is worst (for example: convergence times are largest or the 
improvement of SIR is smaller)but always but always the previous conclusions are 
fulfilled. 
 In future work, the proposed solutions could be extended to address other 
scenarios, such as the case of users with unequal powers, power controlled networks, as 
well as the case of heterogeneous users, characterized by different utility functions 
corresponding to different QoS requirements. 
 On the other side Mobile and Wireless networks (heterogeneous networks) are 
characterized by being large scale networks with different radio access technologies 
(GSM/GPRS, UMTS, WLAN, WiMax, Bluetooth, Ad-Hoc,…), different cell structure 
and equipment (acces points, nodes B, Base Station Transceiver, macrocells, microcells, 
picocells,..) as well as different user requirements and different services, which change 
dynamically (the channel is time variant, user mobility, ubiquous connectivity in ad-hoc 
networks, etc.). These kinds of networks require sophisticated optimization-based 
techniques and negotiation techniques to efficiently manage all the resources and 
parameters.  

After learning and doing an exhaustive analysis of performance over ad-hoc 
networks, in future work, some rules and protocols could be exported to infrastructure 
wireless networks (as WLAN and WiMax) and finally to mobile networks (GSM/GPRS 
and UMTS networks).  
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7. APPENDIX 
 
7.1 APPENDIX 1 
 
Proof: Suppose there is a potential function of game Γ  : 
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Where 0 < a < 1. Then for all i 2 {1, 2, ...,N}, 
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Let, 

 
 
 

Then, 

 

 
 
If user i changes its strategy from si to s′i, we can get: 

 
 
Here Q(s−i) is not affected by the strategy changing of user i. Hence, 
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From equation 

 
 

 
 
So, Pot′(S) in (9) is an exact potential function of game Γ . If we set a to 1/2 in (9), 
Pot′(S) is the same as Pot(S) defined in: 
 

 
 
And it is proved that (7) is an exact potential function of gameΓ . 
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7.2 APENDIX 2 
 
In what follows there is a list of more important classes and its attributes and methods 
which compose the simulation program made in C# and it is explained the function of 
every one. 
 

- public class CommonControlChannel  
 

It simulates a Common Control Channel (CCCH) across of which the signaling packets 
are transmitted. 
 
Attributes: 
 
public ArrayList SignalingPackets;  In each position of that arraylist there 
will be signaling packets(a class SignalingPackets)of each user that has been successful 
in Bernoulli trial. That is an arraylist because at one iteration of the game more of one 
user can choose channels simultaneously.  
 

- public class SignalingPackets 
 
It contents the signaling packets which are sent across of CCCH. 
 
Attributes: 
 
private int START_CH; 
private int ACK_START_CH; 
private int numTRX; 
 

- public class TrafficChannel 
 
It simulates a traffic channel (TCH) across of which the pairs of nodes (transmitters and 
receivers) transmit information between them. 
 
Attributes: 
 
public START start;  class START 
private int END; 
private int ACK_END; 
 
 

- public class START 
 
It simulates a signalling packet that includes current estimates for the interference 
created to neighboring users on all possible frequencies Io(f) by a transmitter who sends 
it across of TCH. 
 
Attributes: 
 
private double[] Io;  every position is the interference created on a possible 
frequency. 
 

- public class Nodos 
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It contents all the nodes:transmitters(class nodo_TX)and their receivers(class 
nodo_RX). 
 
Attributes: 
 
public ArrayList nodosTX; 
public ArrayList nodosRX; 
 

- public class nodo_TX 
 
It represents a transmitter of the network. 
 
Attributes: 
 
private int pos_x;  position in the x’s axis of the square region D* X D* where 
the users are distributed.  
private int pos_y;  position in the y’s axis of the square region D* X D* where 
the users are distributed. 
private int num; number between 1 and 30 which the users (pair of transmitter and 
their receiver) are differentiated. 
public CST CST_t; Channel status table (class CST). 
private int channelfreq; frequency channel that the transmitter uses to transmit. 
private double potencia_tx; transmission power (the same for all users). 
private bool transmite; it is true if the user is successful in Bernoulli trial or false 
on the contrary case. 
private double Gij; link gain between transmitter and their receiver. 
public ArrayList U2=new ArrayList(); every position of that arraylist contents 
value of utility function U2 at each iteration of the game. 
public ArrayList U1=new ArrayList(); every position of that arraylist contents 
value of utility function U1 at each iteration of the game. 
 
Methods: 
 
public double[] Io(Nodos M,int num)  it returns the interference Io(f)on all 
possible frequencies. 
public void EnviarReconeixement(CommonControlChannel CCCH, int num, 
int trial,Nodos M)  it simulates that ACK_START_CH is sent putting the value 
of CCCH.ACK_START_CH to 1. 
 

- public class nodo_RX 
 

It represents a transmitter of the network. 
 
Attributes: 
 
private int pos_x;  position in the x’s axis of the square region D* X D* where 
the users are distributed.  
private int pos_y;  position in the y’s axis of the square region D* X D* where 
the users are distributed.  
private int num;  number between 1 and 30 which the users (pair of transmitter 
and their receiver) are differentiated. 
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public CST CST_r;  Channel status table (class CST). 
 
Methods: 
 
public void U2(START start, Nodos M, int num, CommonControlChannel 
CCCH)  it computes current interference estimate for the user Id(f), determines U2(f) 
for all channels, and decides on the channel with the highest U2.Finally includes the 
newly selected channel information on a signalling packet START_CH simulating that 
is transmitted on the common channel. 
 
public void U1(Nodos MSelfish, int num, CommonControlChannel CCCH, int 
beta,int trial)  it computes current interference estimate for the user Id(f), 
determines U1(f) = -Id(f)  for all channels, and normalize this values. After,   it 
determines weights for all channels and decides on the channel with highest probability. 
Finally includes the newly selected channel information on a signalling packet 
START_CH simulating that is transmitted on the common channel. 
 

- public class CST 
 
It represents a Channel Status Table. 
 
Attributes: 
 
public ArrayList neighbors; each position of this arraylist contents a class 
Neighbor. 
 

- public class Neighbor 
 
It represents a neighboring user. 
 
Attributes: 
 
private int num;  number between 1 and 29 which the users (pair of transmitter 
and their receiver) are differentiated. 
private int ChannelFreq;  frequency channel that the neighbor uses to transmit. 
private double LinkGain;  link gain between this neighbor and one transmitter. 
 

- public class DatosEntrada 
 
It is used to keep the value of system parameters which are read from a xml file. 
 
Attributes: 
 
private int numTRX; 
private int area; 
private int numChannels; 
private int beta; 
 
Methods: 
 
public void LeerdatosEntrada(string pad) it reads from a xml file the value of 
some system parameters. 
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public void DistribuirNodos(Nodos M)  it uniformly distributes the users  in a 
square region of dimension area x area. 
 
Other functions of the program are: 
 
public void BernoulliTrial(int numTRX,Nodos M)  at the beginning of each 
iteration it realizes Bernoulli trial. 
public void LinkGains(Nodos M, int numTRX)  at the beginning of the game it 
determines the link gain between each user and his/her neighbors. 
public void RandomChannelAssignment(Nodos M, numTRX)  at the beginning of 
the game assigns to each user a random transmission channel. 
public void UpdateCSTs(); after each iteration of the game all the users 
(transmitters and receivers)that heard the START_CH and ACK_START_CH packets 
update their channel status table accordingly. 
public void PotentialFunction(); it determines the potential function at each 
iteration.  
public void Inicializar();  after every iteration it initializes the game.  
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